Introduction
Several alternative mechanisms exist for allocating government benefits and obligations.
Among them, statistical profiling, which assigns individuals to different programs based on predicted outcomes or predicted program impacts, has lately attracted substantial interest in the policy and research communities.
1 This paper considers the question of how to evaluate profiling as an allocation mechanism, within the context of the choice between alternative allocation mechanisms for specific government programs. We argue that in the midst of the recent enthusiasm for profiling in North America, too little attention has been paid to the design and evaluation of these systems, with the result that they may not accomplish all that they could.
We place our discussion within the specific context of the use of profiling in the United States to allocate mandatory reemployment services to unemployment insurance (UI) recipients.2 In this program, data are collected on all persons starting a new spell of unemployment. These data are then used to predict each person's probability of 1 Recent work in economics related to statistical treatment rules includes Black, Smith, Berger and Noel (2000) , Dehejia (1999) , Manski (1999 Manski ( ,2000 , and O'Leary, Decker and Wandner (1998) . 2 In the U.S., eligibility for UI benefits depends on having earned a specific amount in the first four of the five quarters prior to the claim. This minimum earnings level varies by state, with some states also requiring a certain number of weeks of employment in that period. The weekly benefit amount depends on previous earnings. In general, workers are eligible for at most 26 weeks of benefits. Workers who quit their job or who are fired for cause do not qualify for UI. In general, the alternative social assistance benefits (including Temporary Aid to Needy Families, food stamps, and general assistance) available in place of UI or when UI has been exhausted are not very generous, particularly for persons without children. See Storey and Neisner (1997) for more details and a comparison of the U.S. UI system with those of the other G-7 countries.
exhausting his or her unemployment insurance benefits. This prediction comes from a model estimated using data on the observable characteristics and UI benefit receipt durations of earlier cohorts of recipients. Those new claimants whose observable characteristics indicate a high probability of benefit exhaustion must then either participate in the mandatory reemployment services or give up their benefits. The services themselves can be interpreted either as a valuable opportunity to learn new employment-related skills, or as an in-kind tax on the leisure of the UI claimant.
Although we will consider the issue of evaluating a statistical profiling mechanism within the context of the UI profiling program, the issues raised here are completely general. Any government program that does not apply to everyone must have some allocation mechanism to determine who participates in it and who does not. In practice, these mechanisms vary widely across programs. In some cases, the allocation depends on deterministic rules, as in means-tested transfer programs or affirmative action programs that depend on membership in specific demographic groups. In other cases, service allocation depends on the discretion of government employees, perhaps within limits set by program eligibility rules. Many government job training programs around the world employ this allocation method, with government caseworkers, usually in consultation with the potential trainee, deciding on what, if any, program services to provide. The literature expresses great concern about this allocation method due to the possibility of creamskimming, which occurs when caseworkers choose to serve those most likely to do well even without the program's help, usually with the goal of improving the program's performance relative to a performance management system.
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Statistical profiling represents something of an intermediate case between deterministic rules and caseworker discretion. It attempts to finely differentiate among potential service recipients but in a deterministic way. Making the right decisions about how to allocate services in various program contexts requires an understanding of how profiling works and the ability to evaluate its effectiveness as an allocation mechanism.
The two key issues that determine the effectiveness of a profiling system are the choice of the profiling variable -that is, the variable whose predicted value will determine the allocation of services -and the choice of variables to use in predicting the profiling variable. The optimal profiling variable depends critically on the social goal or goals underlying the profiling. A program whose primary goal in the allocation of services is equity -say, serving those most in need -will likely require a very different profiling variable than one whose goal in the allocation of services is efficiency -serving those with the largest net benefits from participation. In particular, there should be a strong relationship between the profiling variable and the social goal that the profiling mechanism exists to serve. In the case of UI profiling, for example, if the social goal is efficiency, then the expected duration of UI benefit receipt is a good choice for a profiling variable only if it varies positively with the net impact of the program. More generally, if achievement of the social goal of the program does not depend much on who is served, as 3 See Heckman, Heinrich and Smith (1997) and Heckman, Smith and Taber (1996) for further discussion and evidence on the empirical importance of cream-skimming.
in a program that has the same (or no) impact on everyone, then profiling will likely not be the preferred allocation mechanism.
The choice of variables to profile on also depends on the availability of good data to use in constructing predicted values. For example, if the available data do a poor job of predicting individual impacts from service receipt, then attempting to profile on the basis of expected impacts will do little to enhance the efficiency of the service allocation mechanism. Profiling makes little sense if the available data lack the ability to sort persons based on the profiling variable.
One important theme of this paper is that the problem of evaluating profiling as an allocation mechanism and the problem of evaluating the impacts of the service being allocated by profiling are conceptually and practically distinct. A profiling system (or any other system of assignment to services) might do a good job of allocating an ineffective service or it might do a bad job of allocating an effective service. To make this distinction concrete, assume that efficiency is the goal of the allocation. Consider first an ineffective job training program that reduces the earnings of its participants by consuming time that would otherwise have been spent on useful job search. 4 If the extent of the earnings reduction for each participant depends on his or her observable characteristics, and if the profiling mechanism uses those characteristics to assign the program to those with the smallest earnings reductions, then it has done a good job of allocating a bad program.
Second, consider a program that increases the earnings of women by more than the earnings of men, but costs the same amount for all participants. A profiling mechanism that does not assign more women than men to this program has inefficiently allocated participants to a good program.
In Section 2 of the paper, we consider the problems of choosing an allocation mechanism and of evaluating profiling as a mechanism of service allocation at a conceptual level. In Sections 3 and 4 of the paper, we consider the evaluation of a particular profiling system. We use as our example the profiling of new UI claimants in the state of Kentucky to receive mandatory reemployment services based on their expected duration of UI receipt. We argue, contrary to some of the recent literature, that it is possible to predict expected durations of UI receipt. Doing so, however, requires utilizing a fairly rich set of variables measuring past earnings, past employment and local economic conditions.
In Section 4, we evaluate UI profiling in Kentucky under the assumption that its goal is efficiency. Our evidence suggests that the current profiling system is not a particularly effective means for achieving this goal. Section 5 summarizes our main points.
Theoretical Issues in the Design of Profiling Systems
This section first considers the general problem of choosing among alternative methods for allocating government programs. Within the context of this important general problem, it then examines key issues in the design of statistical profiling systems at both a general level and in the specific context of UI profiling in the United States.
Choosing the Optimal Assignment Mechanism
We begin by defining some notation. Let {1,.. In contrast, a profiling system assigns persons based on their predicted values of the profiling variable. For example, in UI profiling it is based on the estimated probability of benefit exhaustion in some states and on the predicted duration of UI benefit receipt in others. Call the profiling variable Q and its predicted value ˆ( ) QX , where X is again some (probably different) set of observable variables related to each individual. In such systems, the profiling assignment rule is given by
T denote the resulting allocation.
Once the predictive model has been estimated profiling also represents an allocation scheme that is a deterministic function of X . The distinction between the two systems centers on the role of the intermediate profiling variable Q and the fact that the role of the ' Xs in the allocation process depends on their relationship to Q rather than being determined directly through a political decision process.
The final allocation mechanism is caseworker discretion. In our notation, we can describe this allocation as , {} jCW T . We assume that the caseworker allocation does not depend deterministically on X , though of course caseworkers are likely to take into account at least some ' Xs in making their allocation decisions. Case workers may also take into account other variables W representing characteristics of the individuals being assigned or of the local economic and social environment that they observe but that are not available for use in implementing either deterministic treatment rules or profiling.
Examples of W variables would include the motivation shown by the individual in meetings with the caseworker or detailed knowledge of local service providers. It is, of course, the potential importance of these W variables to the allocation process that makes caseworker discretion a reasonable alternative for some programs.
Following Manski (1999) , the choice among alternative treatment mechanisms then collapses to a comparison of the sets of outcomes implied by them. In conceptual terms, the outcomes are evaluated based on some measure that corresponds to the goal of the allocation process. Let S be this measure, which could be, among other things, GDP, an equity measure such as a Gini coefficient or some index of group equality, or some combination of these. The socially optimal allocation mechanism produces the maximum value of S among the available alternatives.
To make this all concrete, consider the following example of a program in which there are two treatments, participation and non-participation, corresponding to 1 T = and 0 T = , respectively. If the goal of the program allocation process is maximization of GNP net of program costs, then the preferred allocation mechanism is the one that assigns the program to those who benefit the most from it, net of program costs. In this case, the optimal allocation assigns persons with 10 YY > to 1 T = and everyone else to 0 T = .
Two Key Issues That Affect the Effectiveness of Profiling
This sub-section considers the two key issues in designing an effective profiling system: what variable Q to use as the profiling variable and what variables X to use in predicting Q . Addressing these questions can be considered the initial stages in a multi-stage optimization process that leads to the choice of the optimal allocation mechanism for a given program. T be the allocation associated with profiling variable k .
Suppose that the goal of the profiling exercise is efficiency; that is, the aim is to assign the treatment so as to maximize the sum of the outcomes, just as in the example in the preceding subsection. Assume too that program costs are equal across persons and that the program only affects earnings. Then the choice problem is quite similar to that just considered, only the choice is now over profiling variables rather than over allocation mechanisms. In terms of our notation, the optimal choice of profiling variable k becomes The remainder of this section considers issues related to the interaction between the goals of the treatment allocation and the choice of the profiling variable. We revisit the issues considered in this sub-section in the context of UI profiling in Sections 3 and 4 below.
The Fable of the Benevolent Bureaucrat
Consider a government bureaucrat who wishes to do good. In our example, the bureaucrat has the job of deciding how to allocate reemployment services to unemployment insurance claimants, but the issues she faces are completely general. In allocating government services, goals such as equity in service allocation or service to particular subgroups such as youth, minorities or transfer program participants will often conflict with other goals related to efficiency or to the size of the program budget.
In our example, the bureaucrat wishes to both help the unemployed and reduce expenditures for the Unemployment Insurance (UI) system. Our bureaucrat has already learned one important lesson: she has clearly defined the goals that she wishes to advance though the allocation of services. Clarifying the goals of the allocation mechanism allows its design to proceed with the goals in mind. Knowing what the goals are also makes it possible to evaluate the allocation mechanism relative to those goals.
Our bureaucrat hopes that the services she allocates will improve the job search skills or increase the job readiness of those who receive them, thereby speeding up their return to work and perhaps increasing their earnings when they get there. Of course, a speedier return to work also reduces the amount that the UI system spends on benefits.
Much to her dismay, however, our bureaucrat cannot offer the reemployment services to everyone: her budget is insufficient.
As in all economic problems, our bureaucrat faces a trade-off. By allocating slots to some recipients, she denies slots to other recipients. Suppose that our bureaucrat believes that the duration of a person's unemployment spell is a good indicator of their welfare: the longer the spell of unemployment the worse off is the recipient. Helping longterm recipients, which is desirable on equity grounds, may conflict with the objective of limiting the expenditures of the UI system, which may be desirable for political or efficiency reasons. In terms of our notation, the bureaucrat faces a choice between two potential ' weeks, however, by doing so she may be limiting the impact of the services on UI expenditures. If there is a common effect across all recipients of, say, seven weeks, then targeting the long-term unemployed will cost the system money. Each long-term UI recipient who receives services saves the system only three weeks of benefit payments, compared to a full seven weeks saved for each short-term recipient served. Whether or not our bureaucrat decides to target the long-term or the short-term unemployed will depend on how she trades off between helping the worst off and saving the UI system money.
Keeping with our example, however, we can further complicate our bureaucrat's life. Suppose that the impact of treatment depends, in some nontrivial way, on the characteristics of the unemployed. This complicates things because our bureaucrat does not necessarily know what characteristics are associated with the program's effectiveness.
Even if she does have this information, additional complications still arise.
Consider three simple but informative cases. First, suppose that those with longer spells of unemployment have larger treatment effects than those with shorter spells. In this happy situation, our bureaucrat's desire to help those with the greatest need is reinforced by the heterogeneity of the treatment effect. This does not necessarily completely eliminate the conflict between the desire to help the long-term unemployed and the desire to reduce expenditures. Suppose, for example, that reemployment services reduce the duration of unemployment by nine weeks for the long-term unemployed. In this case, each long-term recipient served still saves the system only five weeks of benefit payments relative to the full seven weeks saved for each short-term UI recipient served.
In the second case, we exacerbate the conflict by supposing that those with the shortest spells have the largest treatment effects. Now our bureaucrat's desire to help those most in need strongly conflicts with her desire to save the government money.
These two cases, and the third case that follows, illustrate another general lesson from our fable: tradeoffs between alternative social goals in designing profiling systems are likely to be empirically important. Related to this, the fable illustrates that the form and extent of these tradeoffs may depend on empirical relationships between the impacts of the program being allocated and the equity-related characteristics of potential participants.
Learning something about these relationships, such as the one between the impact of reemployment services and the duration of unemployment in our fable, then becomes a necessary condition for setting up an effective profiling system (or for incremental reforms of existing systems).
In Sm ZZ . The difference in expected UI benefit payments to these two groups reflects the costs of letting our bureaucrat indulge her taste for helping the long-term unemployed.
In terms of our notation, in the third case our bureaucrat defines a variable R equal to a weighted average of each claimant's expected duration of unemployment and Z and then adopts a deterministic rule based on R . That is, if we let U equal the duration of unemployment, our bureaucrat allocates services deterministically based on RR(U,Z) = .
In practice the duration of unemployment is unknown in advance, and Z might represent the predicted impact of services. In that case, the allocation mechanism consists of profiling based on a weighted average of the predicted values of two profiling variables:
unemployment duration and the impact of services. This mechanism illustrates the third general lesson from our fable: in cases in which multiple goals guide the allocation of services, profiling based on a weighted average of variables related to the various goals may represent an effective compromise. Such a compromise has the virtue of making explicit the relative weights assigned to the various goals in a way that informing caseworkers of the various goals and then allowing them to use their discretion in trying to meet them does not.
Lessons from the Fable for the Current UI Profiling System
Our fable provides some stark commentary about the design of the current UI profiling system. The current program offers substantial leeway to the states in terms of the predictive variables (the ' Xs ) to include in the profiling model. At the same time, it requires states to use benefit exhaustion or expected benefit duration as the dependent variable -so that states must profile based on this outcome. There is no allowance for profiling based on the expected impact of the reemployment services, or on some combination of expected spell duration and expected impacts.
Such a program may be justified in a couple of different ways. First, the program administrator may be concerned only with helping the long-term recipients and not place any value on reducing UI expenditures. In such an environment, we may ascertain the opportunity cost of helping the long-term unemployed by comparing the savings resulting from the current profiling system to the savings that would result from a profiling system that allocated services based on expected benefit reductions.
From our conversations with people involved with the program, however, we get the impression that they do not perceive a conflict between helping those most in need and reducing UI expenditures. To avoid such a conflict, however, two conditions must hold.
First, it must be the case that we can use the length of unemployment spells as a welfare indicator for recipients. If short-term unemployed persons are worse off than long-term unemployed persons, then concern for helping those most in need would require directing services toward short-term recipients. Second, it must be the case that the effect of reemployment services for the long-term unemployed exceeds that for the short-term unemployed. Because many of the weeks that the long-term unemployed remain unemployed occur after they have exhausted their 26 weeks of benefits, to generate at least comparable cost savings the long-term unemployed must have a larger effect of services.
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Are these conditions true? Obviously, the second condition is one that we may verify or refute with data. Section 4 presents some initial evidence on this question. In contrast, assessing the validity of the expected length of the unemployment spell as a welfare indicator is more problematic. Because we do not observe economic welfare, we must make inferences based on theory. What does the economic theory of job search tell us about the relationship between the unemployment spell duration and economic welfare?
We address that question in the next subsection.
When Does Profiling on Expected Duration Improve Equity?
Search theory tells us that the relationship between unemployment spell duration and welfare depends on the source of the variation. To see why, consider the following simple search model. Let wages be given by , wk =µ+ε where µ is the mean, ε is a mean zero error term with density function ( f ε) and distribution function ( F ε) , and k is a constant initially equal to one. Each firm that an unemployed person visits during his or her search costs c. Letting i V denote the value function for searching the ith firm, we have: 
Using equation (6), we may consider the impact of an increase in the mean of the wage distribution, µ , which yields 01.
Define ()/ rr wk ε=−µ and notice that equation (7) implies that /0. In a world in which persons differ only in the dispersion of their wage offers, therefore, unemployment duration perfectly correlates with welfare, but those with shorter spells are worse off.
We do not need to rely on differences in the distribution of wage offers to generate differences in welfare. Suppose that unemployed persons face the same distribution of wages, but differ in their search costs, perhaps because some of them find the leisure associated with unemployment more appealing than others do. Again, using equation (6) we have 0.
In response to an increase in c, the unemployed decrease their reservation wages, which means that r ε and [ ] 1 1() r F − −ε also decrease. Once again, the expected duration of unemployment is positively associated with welfare.
In the complexity of actual markets, of course, unemployed people undoubtedly differ in their search costs, the means of their wage offer distributions, and the dispersion of their wage offer distributions as well. Inferring welfare from the expected duration of unemployment spells in such a world is extremely difficult. Indeed, the relationship need not even be monotonic. Thus, while targeting the long-term unemployed for assistance may constitute a sensible objective if equity is the primary goal of the UI profiling, it remains to be shown empirically whether targeting the long-term unemployed improves the equity of the UI system.
Profiling in Practice: Can Long-Term Unemployment be Predicted?
In this section9 we return to the second of the two key issues that underlie the effectiveness of profiling systems: what is the best way to use the available X to predict the profiling variable. We consider this issue in the context of the development of UI profiling models in different states in the United States, paying particular attention to the model developed in the state of Kentucky. This issue is important because a profiling system will not advance the goals of the allocation mechanism if the available X do not sort people as a function of the profiling variable.
9 This section draws on Berger, Black, Chandra and Allen (1997) .
In June 1994, the Commonwealth of Kentucky, along with Delaware, Florida, New Jersey, and Oregon, was selected as a prototype state for the implementation of a system of profiling unemployment insurance (UI) claimants and providing them with reemployment services. In most cases, Kentucky provides only low intensity reemployment services.
Almost all claimants profiled into treatment receive an assessment of their skills and interests. Claimants assessed to be "job ready" receive limited services such as referrals to employers for interviews and job search workshops. Claimants not found "job ready" may receive these services as well as referrals to education and training opportunities, such as short occupational training courses at community colleges. Noel (1998) documents that about 10 percent of Kentucky claimants profiled into services were referred to such opportunities.
The Center for Business and Economic Research (CBER) at the University of
Kentucky was given the responsibility for developing and estimating the Kentucky Profiling Model (KPM). The model predicts the fraction of their 26 weeks of UI benefits that claimants will use up. CBER used five years of claimant data supplemented with data from other administrative data sources to estimate the model. The claimant data from the UI system include information on past UI benefit receipt as well as on past earnings by calendar quarter, because past earnings determine both eligibility for benefits and benefit levels. The other aggregate data from external sources used in the model include county unemployment rates and employment changes in the county of residence and nearby "commuting" counties broken down by one digit industry.
Estimation of models to predict the length of spells of UI benefit receipt is a difficult task. In Figure 1 , we graph the fraction of potential benefits received for UI claimants starting spells in Kentucky in 1994. The data have a large mass of observations (almost 40 percent) at one -corresponding to the exhaustion of all potential benefits and therefore a benefit receipt spell of 26 weeks. More than 60 percent of the claimants, however, do not exhaust their benefits, and there is considerable variation among this group in the fraction that they receive. To see this variation more clearly, Figure In addition to using a binary variable for UI benefit exhaustion as its dependent variable, Worden's (1993) model also included relatively few covariates. Most other states followed Worden's lead in using relatively few variables in their models, in part due to concerns about complexity and in part to reduce the costs of assembling the data.
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O'Leary, Decker, and Wandner (1998) note in their literature review that the model for Washington state, which is one of the larger state models, includes 36 covariates. In contrast, the model for the state of Pennsylvania uses only eight covariates. Given the use of a dichotomous dependent variable, the limited number of covariates, and the inherent difficulties in predicting the duration of unemployment, one might suspect that these models have relatively little explanatory power. This is indeed the case.
O'Leary, Decker, and Wandner (1998) estimated the Pennsylvania and Washington models, and then used their estimates to examine how well the two models distinguish long-term from short-term recipients. Table 1 reproduces their findings. For Pennsylvania and Washington, it compares the exhaustion rate among the 25 percent of claimants with the highest predicted exhaustion probabilities to that among the remaining 75 percent.
Those in the top quartile are 11 to 13 percent more likely to exhaust their benefits.
Interestingly, a comparison of the top and bottom 50 percent yields a smaller gap, only 8.1 percent for Pennsylvania and 7.9 percent for Washington state.
In contrast, the KPM appears to be much more precise in the identification of those likely to exhaust their UI benefits. Table 1 compares the exhaustion rate for those with predicted benefit receipt durations above the 60 th percentile to those with predicted benefit durations below this level. The difference, 24.8 percent, is much greater than the maximum differences reported by O'Leary, Decker, and Wandner (1998) for the Pennsylvania and Washington models.
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Why are the differences in predictive power so large between the KPM and the prototypical profiling models from the other states? Two basic reasons suggest themselves. First, the KPM did not rely on a dichotomous variable of whether the claimant exhausted UI benefits, but rather used the fraction of benefits received as a continuous variable. It is possible that the additional information contained in the fraction of benefits received variable dramatically improves the predictive power of the estimates. Second, the KPM contains over 140 different covariates, including variables representing past earnings, industry, experience, tenure, and unemployment insurance participation.
In developing the KPM, Berger, et al. (1997) experimented with a variety of estimation procedures that allowed them to rank recipients by the likelihood that they would exhaust their UI benefits or by their expected duration of UI benefit receipt. They estimated each model on a 90 percent sample of UI recipients and used the remaining 10 percent to calculate the out-of-sample predictive power. In particular, they used the estimated coefficients from each model to predict the proportion of benefits used up by each recipient in the 10 percent validation sample. The 10 percent sample was then divided into subgroups predicted to consume more or less than 60 percent of their potential benefits. This cutoff was chosen because it was thought that predicted use of at least 60 percent of potential benefits would approximate the cutoff for treatment under the profiling program.
13 Table 2 reports Berger et al.'s (1997) findings for a sample of UI recipients from the western part of Kentucky. They report the mean fraction of benefits exhausted for each of six models: a linear regression model using the fraction of benefits exhausted as the dependent variable, logit and probit models using a dichotomous dependent variable indicating that the worker exhausted benefits, a double-limit tobit using the fraction of benefits exhausted as the dependent variable, a Cox proportional hazard model using the fraction of benefits exhausted as the dependent variable, and random assignment.
The fourth column of Table 2 ranks the models in terms of the fraction of potential benefits received by the sixty percent with the highest probabilities of benefit exhaustion or longest expected durations. As can be seen, the tobit model selects the group that exhausts the most of their benefits, but its advantage over the other models is modest. For instance, using the logit model to select the group to receive reemployment services increases the fraction of benefits exhausted by 11.26 percent over random assignment. Using the tobit model rather than the logit model, however, increases the fraction of benefits exhausted by only 0.44 percent, or about a 3.9 percent improvement. Thus, the superior predictive 13 The actual treatment rate was much higher because the booming Kentucky economy performance of the Kentucky model results from the rich set of covariates rather than the form of the dependent variable or the estimation procedure used.
This discussion of attempts to predict UI benefit exhaustion and/or the duration of UI benefit receipt in the context of profiling UI recipients provides an important general lesson: the X's matter. The results presented in this section show that the predictive power for the same or roughly the same profiling variable can vary substantially depending on the predictive variables employed. As already noted, profiling will not accomplish its goals if the variables used to predict the profiling variable do so only very poorly. Thus, the analysis in this section has important implications for the design of profiling systems in general and for the choice of the profiling variable in contexts where the available X are limited in particular. Moreover, our analysis suggests that while profiling on predicted UI benefit receipt durations may be a good idea in Kentucky, profiling on the probability of benefit exhaustion in states using models that only weakly predict exhaustion almost certainly is not.
Does Profiling Maximize Program Impacts?
We now examine the first key issue in designing a profiling system -whether or not the profiling variable is related to the goals of the allocation mechanism -in the context of UI profiling in Kentucky.
reduced the number of people filing UI claims.
Do claimants with longer expected durations have larger treatment effects?
We showed in the previous section that the KPM does a relatively good job of sorting claimants based on their expected duration of UI receipt. We now examine whether the earnings impact of the treatment is larger for those claimants with higher predicted durations of UI benefit receipt.
A few additional details about Kentucky's profiling system begin our discussion.
As described in the preceding section, the KPM produces an estimate of the fraction of their potential UI benefits that each claimant will collect. In operating the system, these continuous estimates are collapsed into a discrete profiling score from 1 to 20. A score of 20 means that the model predicts the claimant to collect from 95 to 100 percent of their potential UI benefits, a 19 means that it predicts receipt of 90 to 95 percent and so on. In each local UI office in Kentucky in each week, claimants starting new spells are ranked by their profiling score. The office then provides the treatment to claimants starting with the highest score and continuing until it has used up its budget for the week. When there are more claimants than can be served at the marginal profiling score in a given office in a given week, the treatment is randomly assigned within the marginal group.
Overall, because of the strong Kentucky economy at this time, only 16.92 percent of the 57,779 claimants during the period covered by our data (October 1994 to June 1996 did not receive the treatment. Figure 3 depicts the empirical distribution of the profiling scores for all of the claimants in our data. The modal profiling score was 18, with 16.4 percent of claimants receiving this score. Only 9.82 percent received a score of 10 or below. The scores 13, 16, and 18 roughly divide the sample into quartiles.
We now present estimates of the impact of the profiling treatment on claimants' earnings in the six quarters after the start of their UI spell as a function of their profiling score. Importantly, the treatment consists of the requirement to receive reemployment services, not actual receipt of these services. Because many treated claimants leave UI before receiving services but after being required to receive services, the two possible treatment definitions differ from one another both conceptually and empirically.
We use the data from those persons in the marginal profiling score cells where random assignment took place in constructing these estimates. This has the advantage of providing estimates free from selection bias but the disadvantage that the estimates do not apply to the full sample without additional assumptions. 14 It also means that we can only We obtain our experimental estimates from the a regression of the form: 14 Black, et al. (2000) discuss the construction and interpretation of the experimental impact estimates in more detail. Non-experimental estimates of the impact of treatment as a function of the profiling score for the scores from 1 to 19 also do not reveal any systematic relationship. These estimates are available from the authors upon request. Figure 4 graphs the impact of treatment by profiling score. There is little evidence that the magnitude of the treatment effect increases with the profiling score. From this we can conclude either that efficiency in allocation is not the goal of UI profiling in Kentucky, or that, if efficiency is the goal, the profiling system is doing little to advance it.
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15 The characteristics of the full treated sample are surprisingly similar for these variables. See Table 1 of Black, et al. (2000) . 16 Conditioning on pre-random assignment characteristics in the regression increases the precision of the impact estimates without disrupting the random assignment, as random assignment makes these characteristics independent of treatment. 17 In a common effect world, this regression specification is efficient. In a world where the effect of treatment differs across cells, other weighting schemes may be preferred for certain policy questions. See Black, et al. (2000) for more details. 18 We calculated the impact estimates as a function of the predicted probability of exhausting UI benefits using the estimated impacts of the U.S. UI bonus experiments that O'Leary, Decker and Wandner (1998) present in their Table 6 . In the UI bonus program, UI claimants received a bonus of US$500 if they found a job within the first part of their UI spell and kept it for a defined period (a few months). We find that the impacts of the bonus program do not vary systematically with the probability of benefit exhaustion in either of the states -Pennsylvania and Washington -that they consider. Our calculations based on their estimates are available from the authors upon request.
Can we identify those with larger treatment effects?
Allocating treatment effectively based on expected impacts requires knowing which subgroups have the largest impacts. 19 Even in cases where efficiency is not the sole goal of an allocation mechanism, this information allows the estimation of the opportunity costs, in efficiency terms, of pursuing other goals.
The empirical analysis in Section 5.1, however, suggests that identifying subgroups with large impacts may prove difficult in practice. Every 95 percent confidence interval in Figure 4 contains zero, even though the experimental sample includes almost 2000 observations. 20 Clearly, obtaining precise estimates of subgroup impacts can require very large samples, particularly when the dependent variable of interest, earnings in our case, has a high variance within the relevant population. Black, et al. (2000) document another reason why locating those individuals with the largest impact may prove difficult in this context. They use the experimental subsample to document a sharp increase in exits from the UI system in the second week of benefit receipt among those required to receive reemployment services in order to continue 19 We skirt the important issue of exactly which impacts ought to constitute the profiling variable in a system that attempts to profile on expected impacts. This issue in turn has several dimensions. Should only impacts on the government's budget be considered? Or should impacts on individual earnings or employment be considered separately from reductions in UI payments (or other social program expenditures)? Should short-term impacts be used or should long-term impacts (appropriately discounted) be used? The latter provide more information, but require the profiling system to be based on older data. 20 Black, et al. (2000) present similar estimates that combine the profiling scores within the experimental sample into four groups of roughly equal size. In this case, some individual estimates do attain statistical significance. The basic conclusion, hoeweer, of no systematic relationship between the profiling score and the impact estimates remains in place.
receiving benefits. In that week, 5.4 percent of the control group exits UI, compared to 12.7 percent of the treatment group. This early exit appears to result from notification of the requirement to receive services, rather than from the services themselves, which do not start until later in the spell. This evidence suggests that a relatively small number of people exiting the program very early generate much of the overall impact of the treatment.
An alternative profiling system that attempted to profile based on expected impacts would face the difficult task of trying to identify this relatively small sub-population of claimants.
Summary and Conclusions
Although profiling has achieved remarkable popularity in North America as a mechanism for allocating government programs, we argue that too little attention has been paid to the design and evaluation of profiling as an allocation mechanism, with the result that existing profiling systems may not be particularly effective. In this paper, we develop a conceptual framework for the choice among alternative mechanisms for allocating government benefits and obligations. In regard to profiling, we have argued that being explicit about the goal of the allocation mechanism makes possible evaluation of the allocation mechanism in light of its goals, and also aids in the selection of an appropriate profiling variable. We have highlighted possible trade-offs between equity and efficiency in the choice of allocation mechanisms based on profiling. And, finally, we have shown the critical role that the selection of the predictor variables plays in designing an effective profiling system. The division for the Pennsylvania and Washington models is the top 25 percent predicted benefit exhaustion probabilities versus the bottom 75 percent. These are the maximum differences reported by O'Leary, Decker, and Wandner (1998). For Kentucky, the division is the top 60 percent of predicted benefit receipt durations and the remaining 40 percent. Estimation and prediction for the Pennsylvania and Washington model are done using the same samples; the model for Kentucky is estimated on a 90 percent sub-sample of claimants while the prediction is performed using the remaining 10 percent. 
